Person misfit on a self-report measure refers to a response pattern that is unlikely given a theoretical measurement model. Person misfit may reflect low quality self-report data, for example due to random responding or misunderstanding of items. However, recent research in the context of psychopathology suggests that person misfit may reflect atypical symptom profiles that have implications for diagnosis or treatment. We followed-up on Wanders et al. ( 
| INTRODUCTION
Research has questioned the suitability of unidimensional models for capturing the complex patterns of depression observed in clinical reality (e.g. Van Loo, de Jonge, Romeijn, Kessler, Schoevers, 2012) , while in practice and in research often a unidimensional model is used. For some persons, total scores then may not adequately reflect the underlying variable that is being measured. Recently, person-fit statistics have been proposed for identifying patients with self-reported symptom profiles that do not conform to unidimensional models (e.g. Wanders, Wardenaar, Penninx, Meijer, & De Jonge, 2015; Wardenaar, Wanders, Roest, Meijer, & De Jonge, 2015) .
Person-fit statistics are used to detect response patterns that show misfit with respect to a theoretical measurement model, such as an item response theory (IRT) model (Meijer, Niessen, & Tendeiro, 2015) . Although the exact definition of person misfit depends on the specific model assumed for the data, person misfit basically identifies an inconsistent and unlikely combination of item scores. For example, a respondent that endorses on a measure of psychopathology the items reflecting severe symptoms (e.g. suicidal ideation) but not any of the milder symptoms (e.g. feeling hopeless or pessimistic) has a misfitting response pattern. Person-fit statistics are sensitive to noncontent based invalid responding such as careless responding, as opposed to content-based responding that may lead to extreme high or low total scores (e.g. faking or malingering).
Person-fit statistics were originally developed to detect invalid test scores in cognitive and educational measurement, for example, due to cheating, lack of motivation or scoring errors (Levine & Drasgow, 1982; Meijer & Sijtsma, 2001 ). However, person-fit statistics also have been evaluated and applied in the context of personality measurement to detect random responding, response styles, faking, and lack of traitedness (e.g. Conijn, Emons & Sijtsma, 2014; Emons, 2008; Ferrando, 2012; LaHuis & Copeland, 2009; Reise & Flannery, 1996; Woods, Oltmanns, & Turkheimer, 2008; Zickar & Drasgow, 1996) .
In psychopathology measurement in mental health-care patients, only recently several person-fit studies have been conducted (Conijn, Emons, De Jong, & Sijtsma, 2015; Conrad et al., 2010; Conrad, Conrad, Dennis, Riley, & Funk, 2011; Wanders et al., 2015; Wardenaar et al., 2015) . With few exceptions, these studies interpreted misfitting response patterns as reflecting true (i.e. correctly reported) atypical symptom profiles that may have important implications for diagnosis and treatment decisions. For example, Conrad et al. (2010) found that in a sample of persons at intake for drug or alcohol dependence treatment, misfitting response patterns were likely to represent high suicidal ideation combined with overall low symptoms of depression. They concluded that person-fit statistics could be used to screen for atypical suicide risk. Wardenaar et al. (2015) found that person misfit on the Beck Depression Inventory in a sample of myocardial infarct patients reflected an atypical symptom profile characterized by low somatic complaints but other depressive symptoms indicative of clinical levels of depression.
The interpretation of person misfit as an atypical symptom profile is substantially different from the original interpretation of person misfit as signifying an invalid test score due to unmotivated, careless, or biased responding, and is for several reasons not straightforward. First, due to cognitive deficits common to mental illness (Austin, Mitchell, & Goodwin, 2001 ), mental health-care patients may be particularly prone to concentration and motivation problems during test taking (Cuijpers, Li, Hofmann & Andersson, 2010; Fervaha & Remington, 2013) . Consistently, various studies showed that psychological distress is positively related to the likelihood of producing misfitting response patterns on measures of personality and psychopathology (Conijn et al., 2015; Conijn, Emons, Van Assen, Pedersen, & Sijtsma 2013; Reise & Waller, 1993; Wardenaar et al., 2015; Woods et al., 2008) . Second, nowadays patients are increasingly often administered large batteries of tests, for example in routine outcome monitoring (De Beurs et al., 2011; De Vries, Meijer, Van Bruggen & Morey, 2016) , which may further decrease motivation and concentration. Third, in mental health care, inconsistent and unlikely response patterns have traditionally been regarded as a sign of potentially invalid test results, not as a sign of true atypical symptom profiles. Specifically, frequently used test batteries in mental health care such as the Personality Assessment Inventory (PAI; Morey, 2007) or the Minnesota Multiphasic Personality Inventory-2 (MMPI-2; Butcher, Dahlstrom, Graham, Tellegen, & Kaemmer, 1989) include validity scales to detect inconsistent response patterns (e.g. Burchett et al., 2016) . Similar to person-fit statistics, these scales aim to detect respondents that provide an unlikely combination of item scores.
Explanatory person-fit research, in which a person-fit statistic is regressed on explanatory variables, provides some insight into whether person misfit in a particular sample is predominantly due to inaccurate responding or due to other causes such as true atypical profiles. 1999; Woods et al., 2008) suggests that misfitting response patterns may be due to inaccurate responding. However, explained variance in the person-fit statistic was small in these studies and other research shows that person misfit on measures of general psychological distress or depression relates to atypical depression, atypical suicide ideation, melancholic depression, and having an uncommon disorder (Conijn et al., 2015; Conrad et al., 2010; Wanders et al., 2015; Wardenaar et al., 2015) . These latter results support person misfit as representing true atypical symptoms: subgroups of patients characterized by distinct, atypical symptoms, may be less likely to provide responses consistent with a questionnaire and corresponding IRT model that is based on a sample of patients with common symptom profiles. However, in these studies, measures of explained variance in person misfit were not always provided. Moreover, no study thus far has simultaneously studied explanatory variables reflecting inaccurate responding and those reflecting atypical symptom profiles. Hence, it is unclear to what extent the misfitting response patterns on psychopathology measures are caused by inaccurate responding (implying invalid protocols that should be discarded) and to what extent they reflect clinically relevant atypical patterns of symptoms (which may have important implications for diagnosis and treatment).
| Person misfit on the Inventory of Depressive Symptomatology (IDS)
In this study, we investigated the causes of person misfit on the Inventory of Depressive Symptomatology (IDS; Rush, Gullion, Basco, Jarrett, &Trivedi, 1996) . We used data (n = 2,981) of the Netherlands Study of Depression and Anxiety (NESDA), an ongoing longitudinal cohort study (see Penninx et al., 2008) . The majority of participants had either a current or a past depression or anxiety disorder. Since data-collection at each study wave took on average 2.5 to 4 hours per person, we expected lack of motivation and concentration to be a relevant problem in the NESDA. Wanders et al. (2015) also investigated person misfit on the IDS in the NESDA sample, focusing mainly on the baseline assessment. In the baseline data, they used an exploratory approach with 38 potential predictors to identify clinical predictors of misfit. Based on IDS item scores of the baseline and two-year follow-up (FU) assessment, they concluded that person misfit was primarily due to an atypical symptom profile including high symptoms of mood reactivity and suicide ideation combined with generally mild depressive symptoms. However, the results of Wanders et al. (2015) are inconclusive concerning the nature of misfit because variables related to the quality of selfreport patterns were not taken into account. A related limitation is that interpretations of the misfitting response patterns were based on the self-reported IDS symptom profile, not on other, independent assessments or theoretically expected atypical profiles. However, if the atypical symptom combination cannot be confirmed by other assessments or does not relate to established atypical symptom combinations, the atypical response pattern may (partly) be caused by an inaccurate self-report.
Our aim was to assess whether person misfit on the IDS reflects clinically relevant atypical symptom profiles and/or error due to inaccurate responding. To this end, we related person misfit on the IDS to indicators of self-report quality (e.g. response styles, interviewer and respondent evaluation) and theoretically expected atypical symptom profiles (e.g. atypical depression, melancholic depression, and atypical suicide risk), and compared their explanatory value. We used data of all NESDA respondents (i.e. not only those with a depression diagnosis) because an atypical depression symptom profile may lead to the absence of a depression diagnosis although substantial depressive symptoms are present. Data analyses were conducted using data of the baseline measurement, the two-year FU, and fouryear FU.
| Measures

| Depression severity
The IDS (Rush et al., 1996) includes 30 items to measure depression symptom occurrence and severity. Respondents are asked to describe themselves with respect to the past seven days. Items are rated on a 4-point scale (0-3) with variable options. Two items addressing either decrease (item 11) or increase in appetite (item 12) were recoded into a single item because only one of the items is answered. The same applies to two items that address increase and decrease in weight (items 13 and 14), respectively. Higher scores indicate a higher severity of symptoms. In the present data, Cronbach's alpha for the total score after recoding the weight and appetite items ranged from 0.94 (baseline) to 0.97 (four-year FU).
| Variables quantifying atypical symptom profiles
| DSM-IV depression subtypes
The IDS provides classification of respondents into the DSM-IV depression subtypes of atypical depression (Novick et al., 2005) and melancholic depression (Khan et al., 2006) . Respondents were classified as having atypical depression when they had mood reactivity, and at least two of the following symptoms; hyperphagia, hypersomnia, leaden paralysis, and interpersonal rejection sensitivity.
Persons were classified as having melancholic depression when they lacked mood reactivity and reported loss of pleasure in (almost) all activities, in addition to reporting ≥ three of the following symptoms: distinct quality of depressed mood, mood is worse in the morning, early morning awakening of at least one hour before usual time, psychomotor retardation or agitation, significant anorexia or weight loss, and excessive or inappropriate guilt. Both subtypes were found to be positively related to misfit on the IDS in the NESDA baseline data .
| Atypical somatization
Based on results of Leentjens, Verhey, Luijckx & Troost (2000) and Wardenaar et al. (2015) , we expected response patterns reflecting atypical somatization: high somatic symptoms combined with low mood/cognition symptoms or the opposite pattern of low scores on somatic items and high scores on mood/cognition items. Atypical somatization was assessed using the Mood and Anxiety Symptoms 
| Bipolar depression
In NESDA, bipolar symptoms are atypical because patients with a bipolar disorder were excluded from the study. Consistently, Wanders et al. (2015) found a small but positive relationship between misfit and bipolar symptoms in the NESDA baseline data. We used the Mood Disorder Questionnaire (MDQ; Hirschfeld et al., 2000) to assess bipolar symptoms.
| Data-driven IDS profile
Based on results of Wanders et al. (2015) in the NESDA baseline and two-year FU data, we computed a "data-driven IDS atypical" variable.
Specifically, the scores on the items "irritable" and "anxious" were subtracted from each of the item scores on "reactivity of mood" and "suicidal ideation". The four resulting difference scores were summed into a single score for which higher values indicate a more atypical profile. According to Wanders et al. (2015) , this data-driven atypical profile is similar to the atypical suicide ideation profile of Conrad et al. (2010) . 
2.2.3
| Interviewer evaluation
After the interview, the research assistants responded to 17 questions pertaining to their impression of the respondents' data collection.
These questions concerned problems during the interview and the completion of the self-report scales such as language problems, 
| Statistical analysis 2.3.1 | Person-fit analysis
Person misfit on the IDS was assessed with respect to the unidimensional graded response model (GRM; Samejima, 1997) using the l z person-fit index for polytomous item scores (Drasgow, Levine, & Williams, 1985) . Previous research also using the NESDA data, showed the IDS to be sufficiently unidimensional for person-fit analysis based on the l z statistic . The GRM was estimated using MULTILOG 7 (Thissen, Chen, & Bock, 2003) for each of the three data-collection waves separately. Item parameters were estimated using marginal maximum likelihood estimation and person parameters using maximum a posteriori estimation.
Statistic l z was standardized using a bootstrap procedure (De la Torre & Deng, 2008) . This procedure generated a person-specific null distribution for each respondent which was used to standardize l z . To facilitate interpretation of results, l z was recoded such that higher positive values indicated more person misfit, that is, more inconsistent response behavior. For respondents that had an item-score pattern consisting only of the minimum score (i.e. 0-score) or only of the maximum score (e.g. 3-score) we set the l z value as a missing value.
The l z value for these response patterns reflects good person fit, but selecting the same answering category throughout a subscale may be due to a response style, lack of motivation, or exaggerating symptoms (Conijn et al., 2016; Ferrando, 2014; Stukenberg, Brady, & Klinetob, 2000) . Hence, including these response patterns in the analysis may lead to non-linear predictor effects because they may reflect a low quality self-report.
Person-fit analysis based on short scales may lead to unreliable person-fit values (Emons, 2008) . To gain insight into the reliability of l z based on the IDS, split-half reliability estimates were computed for l z using the Spearman-Brown formula. To account for potential differences in test-halves, for each wave we used 50 random splits of IDS items and the average split-half reliability was used as the final reliability estimate.
| Model-fit assessment
To quantify person misfit with respect to the GRM, the IDS data need to satisfy the GRM assumptions of unidimensionality, local independence given the latent trait, and monotone increasing logistic item response functions. We used the Mokken R package (Van der Ark, 2012) to plot the sum score against the mean item score. This procedure allowed a visual test of whether item response functions had a monotone increasing shape. Next, we used confirmatory factor analysis (CFA) for ordered categorical data in Mplus (Muthén & Muthén, 2012) to assess goodness of approximation of the one-factor model (Olino et al., 2012 ). The CFA model for ordinal data estimates an alternative parameterization of the GRM, the normal ogive version (Forero & Maydeu-Olivares, 2009 ). CFA instead of IRT procedures were used to evaluate GRM model fit because the CFA framework provides established model-fit criteria, including the root mean square error of approximation (RMSEA) and Comparative Fit Index (CFI).
| Multiple regression analysis
We conducted multiple regression analysis for longitudinal data to predict person misfit from the explanatory variables quantifying either the quality of the self-report or atypical symptom profiles. Specifically, we used Mplus to estimate multiple linear regression models for the data of all three waves simultaneously, while correcting the standard errors of the model parameters for the clustering in the data (Muthén & Muthén, 2012) .
Foremost, a baseline model was estimated including only the control variables: IDS total score (e.g. Conijn et al., 2015; Wardenaar et al., 2015) and dummy variables representing the data collection waves. Next, extended models were estimated by including either a block of atypical symptom profiles, or a block of explanatory variables related to the quality of the self-report. In the former model, we made a distinction between the data-driven atypical IDS profile and all other theoretically expected atypical profiles, by adding the data-driven profile separately to the model. First, because it may be unfairly biased towards predicting misfit given that it is derived from the NESDA data, and second, to assess the extent that the data driven variable had explained variance in common with theoretical atypical variables. Furthermore, we estimated a model including all explanatory variables.
Several additional analyses were also conducted. First, we tested for interaction effects between ERS and each of the atypical symptom profiles. We expected that high ERS combined with atypical symptom profiles may lead to particularly high misfit because atypical symptom combinations are selected and answered in an extreme way. Second, we assessed the effect of measurement error in the l z index on our results, by treating l z as a latent variable with variance fixed to (1 -l z reliability) × l z sampling variance.
In all regression models, missing values were handled by multiple imputation of missing data (10 datasets) using Bayesian analysis (Rubin, 1987; Schafer, 1997) in Mplus. Regression coefficients were tested using two-tailed α = 0.05.
| RESULTS
| Missing values
Of the baseline respondents, 2,596 (87%) and 2,402 (81%) also participated at the two-and four-year FU, respectively. The number of respondents with missing person misfit values due to a constant IDS pattern including only 0-scores or 3-scores ranged from 94 (3.2%) on baseline to 151 (6.5%) on the four-year FU. The total number of missing person misfit values (due to either drop-out, constant IDS pattern, or missing IDS scores) ranged from 128 on baseline to 816 on the four-year FU. For respondents with a missing person misfit value on a particular wave, the corresponding data was not included in the data analysis, leaving data of 2,853 (baseline), 2,363 (two-year FU), and 2,165 (four-year FU) respondents.
The percentage of missing values on the explanatory variables varied considerably across waves and variables (see Table 1 and 45.1% respondents with a six-month prevalent anxiety diagnosis.
| Sample characteristics
For the two-and four-year FU samples, the distribution of demographic characteristics was practically equal to those of the baseline sample. The number of persons with a depression diagnosis decreased to 32.7% and 25.3% on the two-and four-year FU, respectively. The number of persons with an anxiety diagnosis decreased to 28.4% and 24.2% on the two-and four-year FU, respectively.
| Model-fit evaluation
Results of the Mokken analyses showed that the IDS included several items that were inappropriate for GRM analyses due to violating the assumption of monotone increasing response functions. The following items were removed based on an (almost) flat item response function:
Item 4 ("Sleeping too much"), Item 2 ("Sleep during the night"), Item 9a ("Mood in relation to the time of day"). Next, factor analyses were used to identify potential local dependencies and violations of unidimensionality in the reduced IDS item set. Although the one-factor model showed satisfactory RMSEA and CFI fit values for each of the waves, residual correlations pointed at a problematic local dependency between the combined item 11/12 ("Decreased/increased appetite") and the combined item 13/14 ("Decreased/increased weight within the last two weeks"). Of the two items, we removed item 13/14 due to its lower factor loading. The final 24-item dataset showed satisfactory RMSEA (≤ 0.07) and CFI (≥ 0.95) values for the one-factor model for each wave and we concluded that the data was appropriate for person-fit analyses based on the GRM.
Inspection of GRM parameter estimates showed high threshold parameters (> 4.5) for the items assessing "early morning awakening", "restlessness" and "other bodily symptoms", indicating that higher categories on these items were infrequently endorsed. The high discrimination parameters (> 3) of the items assessing "sadness" and "general interest" indicated that they contributed most strongly to the measurement of depression severity. Other five items, including those items corresponding to the data-driven atypical profile (i.e.
assessing "suicidal ideation" and "reactivity of mood") scored relatively high on both the threshold and discrimination parameters.
| Person misfit
The number of respondents classified as misfitting based on α = 0.10, ranged from 8.5% (two-year FU) to 9.5% (baseline), and the average person misfit value equaled 0.02 on each wave (SD ± 1.23) and was 3.5 | Predicting misfit from atypical profiles and quality of self-report The mean and percentage statistics for the two-and four-year follow-up (FU) are not tabulated since they were practically constant across waves for most variables. The exceptions were the Inventory of Depressive Symptomatology (IDS) mean total score (which dropped to ±15 on the later waves), the mean Mood Disorder Questionnaire (MDQ) score (which dropped to ±3.5 on the later waves), and the number of patients classified as having melancholic depression (which dropped to ±3% on the later waves), and the mean agreement response style (ARS) score (which increased to 0.18).
*p < .05, **p < .01, ***p < .001.
a Wanders et al. (2015) .
b Versus combined middle and low education level.
respondent evaluation, and the interviewer psych-cogn evaluation. The data-driven atypical IDS profile correlated highest with melancholic depression (r = 0.21) and r ≤ 0.10 with other atypical symptom variables.
First, we assessed for each wave separately how person misfit correlated with the explanatory variables ( Table 1) . The significant correlations were all in the expected direction and most coefficients were consistent across waves. Next, we estimated multiple regression models for the longitudinal data. Table 2 Additional models (not tabulated) were estimated to obtain more detailed results. First, we extended the full model with interaction effects between ERS and atypical symptoms profiles. We found small but significant interaction effects between ERS and the bipolar depression symptoms (β = 0.05, p < 0.05), and ERS and the atypical suicide ideation profile (β = 0.05, p < 0.05). Second, we estimated Models 1 to 5 while correcting for measurement error in the l z person-fit statistic.
We found that R 2 in the full model increased from 0.16 (uncorrected model) to 0.24 (corrected model). However, the increase in explained variance with respect to Model 1 by adding the block of established atypical symptom profiles (ΔR 2 = 0.01) or the quality indicators (ΔR 2 = 0.05) hardly changed by accounting for measurement error.
| DISCUSSION
Our goal was to assess the extent to which person misfit on the IDS reflects atypical symptom profiles, and the extent to which misfit is due to low-quality self-report scores. We provide an extension of the value of our explanatory analysis mainly lies in (1) including variables related to the quality of the self-report, (2) respondents who endorse items having extreme threshold parameters combined with high discrimination parameters, are more likely to obtain strong misfit. However, these parameters are affected by sample properties such as the prevalence of symptoms, and questionnaire properties, such as item formulation and response format (Michaelides, 2010) . Consistent with this explanation, the items corresponding to the data-driven IDS profile, "suicide ideation" and "reactivity of mood", had a relative extreme combination of these parameters. Hence, the atypical profiles identified by person misfit may be mainly sampleand questionnaire-specific and only to a small extent reflect established atypical symptom combinations. 
| Strengths and limitations
A first strength of this study is that we combined the explanatory variables for person misfit derived from cognitive and personality research with the explanatory variables derived from recent psychopathology research. Second, the longitudinal explanatory analyses were important considering that person misfit was only assessed using 24 items and had low reliability. Third, we related person misfit on the IDS to atypical symptom profiles derived from other selfreport and rating scales (MASQ, MDQ, SSI). Some previous research only interpreted the atypical profile by using the self-report scale that was also used to quantify misfit (e.g. Conrad et al., 2010) , which may lead to confounding atypical symptom profiles with low-quality self-reports.
We related person misfit to theoretically expected atypical profiles to assess whether l z person-fit statistic is sensitive to detect true atypical symptom combinations instead of low quality responding. These "established" atypical profiles were based on previous research in other samples. Underlying our approach were two assumptions. First, the atypical symptom profiles identified in previous research are of substantive interest. Second, inaccurate responding as quantified by the l z person-fit statistic, does not "coincidentally" lead to such established atypical symptom profiles. Given that previous research identified subgroups of respondents with the same atypical score profile, and that the l z statistic detects non-content based invalid responding (e.g. caused by careless responding or lack of concentration), we expect these assumptions to be tenable.
We aimed to provide an improved version of the person-fit analysis on the IDS, resulting in differences in our data-analytic choices that prevent an optimal comparison of our results with those of Wanders et al. (2015) . First, they included only patients with a life-time anxiety or depression diagnosis in their analysis (n = 2,329). We included also the 373 "healthy" respondents without a diagnosis in the sample because persons with atypical symptom profiles may not receive a diagnosis. Second, we used a bootstrap method to standardize l z person-misfit values based on a person-specific null distribution (De la Torre & Deng, 2008) , while Wanders et al. (2015) used the same null-distribution for the complete sample.
Although the NESDA study design allowed us to use a diverse set of explanatory variables, some of these variables were of limited quality for addressing our research question. For example, some predictors had low reliability because they were based on few items, the quality indicators in this study were indirectly measured, and the atypical symptom profiles included as explanatory variables were far from exhaustive. The (small) predictor effects should be interpreted in the context of these limitations. A related limitation is that an exact distinction between misfit due to low quality selfresponding and misfit due to severe symptoms was impossible. We found that symptom severity related positively to person misfit, but this relationship may partly be due to the co-occurrence of severe symptoms and motivation and concentrations problems. Consistent with this idea, we found that respondents with higher IDS scores had more negative interviewer and respondent evaluations, suggesting that respondents with more severe symptoms provide lower quality self-report data.
| CONCLUSION
The number of applications of person-fit analysis in clinical psychology is increasing (e.g. Conijn et al., 2015; Conrad et al., 2010; Conrad et al., 2011; Wanders et al., 2015; Wardenaar et al., 2015) , and recently userfriendly software is made freely available for application of person-fit statistics in non-cognitive measurement (e.g. Ferrando & LorenzoSeva, 2016; Meijer et al., 2015) . However, application of these statistics and follow-up decisions after identifying a misfitting response pattern require a better understanding of what misfit actually represents in a clinical context.
Our results show that person misfit on the IDS does not strongly relate to established atypical symptom profiles and is partly also due to low quality self-reports (e.g. response styles, memory and concentration problems). The latter result suggests that person misfit is useful as a validity indicator on psychopathology measures, whereas additional research is needed to justify the interpretation of person misfit as reflecting meaningful atypical symptom profiles.
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ENDNOTE
1 Considering the small number of items on the four-year FU, all 23 available items were used to compute the ARS and ERS indices. Because the response style variables may be affected by the different FFI scales used across waves, we repeated our analyses using ERS and ARS variables based only on the 23-item version. There were no substantial differences in results.
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